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Background: Identifying the differences between gene regulatory networks under varying biological condi-
tions or external stimuli is an important challenge in systems biology. Several methods have been developed
to reverse-engineer a cellular system, called a gene regulatory network, from gene expression proﬁles in
order to understand transcriptomic behavior under various conditions of interest. Conventional methods
infer the gene regulatory network independently from each of the multiple gene expression proﬁles under
varying conditions to ﬁnd the important regulatory relations for understanding cellular behavior. However,
the inferred networks with conventional methods include a large number of misleading relations, and the
accuracy of the inference is low. This is because conventional methods do not consider other related condi-
tions, and the results of conventional methods include considerable noise due to the limited number of
observation points in each expression proﬁle of interest.
Results:We propose a more accurate method for estimating key gene regulatory networks for understanding
cellular behavior under various conditions. Our method utilizes multiple gene expression proﬁles that com-
pose a tree structure under varying conditions. The root represents the original cellular state, and the leaves
represent the changed cellular states under various conditions. By using this tree-structured gene expression
proﬁles, our method more powerfully estimates the networks that are key to understanding the cellular be-
havior of interest under varying conditions.
Conclusion: We conﬁrmed that the proposed method in cell differentiation was more rigorous than the con-
ventional method. The results show that our assumptions as to which relations are unimportant for under-
standing the differences of cellular states in cell differentiation are appropriate, and that our method can
infer more accurately the core networks of the cell types.© 2012 Elsevier B.V. Open access under CC BY-NC-ND license.1. Introduction
Systems biology aims to understand cellular processes by using
mathematical models (Cantone et al., 2009). One of the important
themes in systems biology is to reverse-engineer the dynamics of
gene regulatory relations, called gene regulatory networks (GRNs),
from gene expression proﬁles. Several methods have been developed
for themathematicalmodeling of these dynamics from gene expression
proﬁles. Boolean network (Xiao, 2009), graphical Gaussian model
(Grzegorczyk, 2007; Toh and Horimoto, 2002), mutual information
model (Margolin et al., 2006), Bayesian network (Heckerman, 1996),
and relevance network (Butte and Kohane, 2000; Butte et al., 2003)




NC-ND license.GRNs have been inferred under various biological conditions, such
as stimulated cellular response (Nagashima et al., 2007; Shinozaki
et al., 2003) and cell differentiation (Carter et al., 2004; Siersbak
and Mandrup, 2011; Siersbak et al., 2012; Tokuzawa et al., 2010;
Zhang et al., 2011). The aim of this research is to identify the key
gene regulatory relations in a given cellular state; this is because
the key relations in a state help us to understand the differences be-
tween various cellular states. Cellular states are described by GRNs
in this area of research; different states have different GRNs, and the
states are changed by the conditions. To ﬁnd the key relations in
cellular states, conventionally, the GRN of the cellular state has been
inferred from a single gene expression proﬁle under the condition
of interest.
It is not an easy task for conventional methods to identify the key
gene regulatory relations in a cellular state. This is because conven-
tional methods run into two problems. The ﬁrst is that conventional
methods infer the GRN of a cellular state from a single gene expres-
sion proﬁle under the condition of interest; these are called exact
samples (Hu, 1994; Hu et al., 2000). With the conventional methods,
the inferred GRN includes relations in common with other states
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the GRNs inferred from the expression proﬁles that are derived
from public databases such as Gene Expression Omnibus (GEO),
more than 90% of proﬁles have fewer than 10 observation points.
The result is that the inferences produced by the conventional
methods include a large number of candidate relations that are com-
mon to other states or unique to the given state. Due to above two
problems, the inferred GRNs of conventional methods have low
accuracy.
In this paper, we propose a more accurate method of inferring the
key GRN in a cellular state from multiple gene expression proﬁles
under varying biological conditions. It should be noted that conven-
tional methods aim to infer a GRN under a condition of interest, and
they are not intended to compare multiple gene networks, that is,
to infer each GRN independently from exact samples. Our method is
different from these conventional methods in that it utilizes the
exact proﬁle along with proﬁles from other conditions, called relevant
samples (Hu, 1994; Hu et al., 2000), for inferring the key GRN in a cel-
lular state. We assume that the key GRN in a cellular state is a relation
speciﬁc to that state, and that removing common relations from the
GRN of the state enables a more accurate inference of the key GRN.
We also use multiple gene expression proﬁles that compose tree struc-
ture, and in this tree, both exact sample and relevant samples are includ-
ed. The root of the tree corresponds to an original state of a target state
and the comparison states, and the leaves represent the target state
and the comparison states. The proﬁles from the root to the target
leaf are merged and used as a proﬁle of the target state, and the proﬁles
from the root to the comparison leaves are merged and used as proﬁles
of the comparison state. These merged proﬁles decrease the candidate
relations in the inferred GRNs, and the speciﬁc relations are extracted
from the GRN of the target by comparing them with the GRNs of the
comparisons. Therefore, our method can estimate the key GRN of the
target state with higher accuracy.2. Method
In this study, we deﬁned cellular-states-speciﬁc GRNs as a set of
gene regulatory relations that determine the differences of cellular
states. It is difﬁcult for conventional methods to extract the relations
speciﬁc to a cellular state because, as mentioned, the small number of
observation points in the proﬁles leads the inferred GRN to include a
large number of candidates, and not to consider other cellular states
lead to include relations common and speciﬁc to the other states.
Thus, our method considered the other states related to target stateFig. 1. Tree-structured gene expression proﬁles. This ﬁgure shows an example of tree-structu
states. One proﬁle observes the transitions from the root S0 to S1, another proﬁle is from S1 to Sand decreased the candidate relations by applying tree-structured
gene expression proﬁles. Below is the notation we will use for the
explanation of our methods.2.1. Notation
S={S1,…,Sm}: A set of cellular states.
Si: An original cellular state of Si.
G={g1,…,gn}: A set of genes g.
GEPs={GEP1,…,GEPm}: A set of gene expression proﬁles of S.
GEPi[G,Ti]: A gene expression proﬁle including observation points
Ti and a set of gene G.
Ti={t1i ,…,tji}:A set of observation points t of GEPi.
We explain our tree-structured proﬁles with this notation. To sim-
plify the explanation we will describe our method with three gene
expression proﬁles. This example is easily applied to more gene ex-
pression proﬁles. One proﬁle is observed from S0 to S1, a second is ob-
served from S1 to S2 and another is from S1 to S3 (see Fig. 1). Let S2 be a
target cellular state, then the conventional methods infer a target
GRN from the proﬁle that is observed from S1 to S2. The results in-
clude key interactions for understanding the behavior of a target
state; however, the inferred GRN has too many candidate relations
to determine the key relations of this behavior because the proﬁle
has only a few observation points and the conventional inference of
the GRNs does not consider other cells S3. For understanding the dif-
ferences in the behaviors, it is necessary to utilize other proﬁles and
to compare the GRNs in order to detect the differences between the
target cellular state and the other cellular states. Thus, our methods
use other proﬁles both for decreasing the candidate relations in the
inferred GRNs and for removing the relations common to S2 and S3.
For extracting a GRN speciﬁc to a cell, we assumed that there are
two kinds of common relations in the GRNs. One is the gene relations
common to all cellular states, such as the relations maintaining cellu-
lar states. A conceptual view of this assumption is shown in Fig. 2. An-
other assumption is that there are relations common to a particular
series of cellular states, such as relations inherited from an original
state S0. We assume that we cannot distinguish the behavior unique
to a target state from these relations (see Fig. 3). And common rela-
tions to a particular series of states cannot be estimated from proﬁles
with few observation points, because the relations are quiet.
We propose two methods following from these assumptions for a
more accurate estimation of cellular-states-speciﬁc relations.red gene expression proﬁle composed of 3 proﬁles. The circled S corresponds to cellular
2, and the third is from S1 to S3. Cellular states are changed from S0 through S1 to S2 and S3.
Fig. 2. Conceptual view of relations common to all cellular states. This ﬁgure shows
the assumption that all cellular state transitions have the same gene relations, e.g., a
positive relation between g1 and g2 in this ﬁgure. S represents a cellular state and S′
corresponds to an original cellular state of S. Here, g corresponds to a node of the
gene regulatory network. The solid edges between nodes are activating relations and
dashed edges are suppressing interactions. All cellular state transitions from S′ i to Si,
are different; however, all changes have the same activation or suppression interac-
tions between g1 and g2.
Fig. 3. Conceptual view of relations common in a particular series. A conceptual view of
this assumption is shown in this ﬁgure. In this assumption, a particular series of cellular
states has the same interactions between genes, such as between g3 and g4. In this ﬁg-
ure, S0, S1, S2, and S3 are surrounded by a line, and this is a series of S0 posterity.
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Our purpose is to enhance the accuracy of the inference of
cellular-states-speciﬁc GRNs for understanding the behavior of cellu-
lar states. To achieve this purpose, we applied tree-structured gene
expression proﬁles to decrease the candidate relations in the inferred
GRNs and to compare the GRNs. We explain these as described above,
with tree-structured proﬁles composed of three gene expression pro-
ﬁles. In the following, the GRNs are described by a weighted adjacen-
cy matrix.
A conceptual view of step ﬂow is shown in Fig. 4.
2.2.1. Overview of Method 1
Method 1 follows the assumption that all cellular states have com-
mon relations. This method is composed of four steps. In Step 1, the
input data are normalized with an initial expression value of each
gene. This process is important for the merging step (Step 2) below
because if the gene expression proﬁles have signiﬁcantly different
values, it would be too difﬁcult to estimate the gene relations. Step
2 is a merging step. This step is the main step of our method to
solve the problem of low accuracy of the inference GRNs caused by
too few observation points in the gene expression proﬁles. In this
step, we merge the input data to increase the observation points of
the target proﬁle and of the comparisons. As shown in Fig. 4, the
merged proﬁles are those observed from S0 to S1 and from S1 to S2.
Another merged proﬁle, from S0 to S2, is used as the proﬁle of the tar-
get state S2. The proﬁles observed from S0 to S1 and from S1 to S3 are
merged and used as a proﬁle of a comparison state. In Step 3, the
GRNs are estimated from the proﬁles created in Step 2. The estima-
tion method is the same as that for the conventional methods. Let
AM be a weighted adjacency matrix of GRN, and its elements AM[i,
j] represent gene regulatory relations between gi and gj. The gene reg-
ulatory relations are represented as an adjacency matrix AM[i, j]. The
matrix has the same number of rows and columns, and the number
equates to the number of genes in G. The element of AM[i, j] indicates
whether there is a regulatory relation between gi and gj; the value of
elements is−1, 0, or 1. When the element of AM[i, j] is−1, there is anegative relation between gi and gj, the value of 0 corresponds to no
relation and 1 represents positive relations between the genes. The
value of the element is determined by whether the criteria exceed a
threshold. Several criteria have been proposed along conventional
mathematical modeling methods of inferring GRN, such as correla-
tion, partial correlation, mutual information, a parameter of a differ-
ential equation, and Bayesian probability. Convenient criteria were
used that consider the trade-off between computational time and
accuracy. Finally, we compared the GRNs inferred in Step 3, and the
relations in common between the target and comparison states
were removed from the GRN of the target. The residues are output
as a target-state-speciﬁc GRN.
2.2.2. Overview of Method 2
Method 2 extends Method 1 with the assumption that there are
common relations in a given series of cellular states. The series is
composed of multiple cellular states included in the path from the
root cellular state to target and comparison cellular states. Method 2
also has four steps, which are the same as for Method 1 except for
Step 2. Step 2 of this method is the merging step, which extends the
merging step of Method 1. In this step, all expression proﬁle are
merged (from S0 to S1, from S1 to S2 and from S1 to S3), and this
merged proﬁle is used as the proﬁle of a series of target and compar-
ison states. The expression proﬁles of the target and comparison
states are merged in the same way as in Method 1. Those relations
that are held in common by the target GRN, the comparison GRN,
and the GRN inferred from the proﬁle of the series, are removed
from the target GRN in Step 4. Then, the remaining relations in the
target GRN are output as the target-state-speciﬁc GRN.
2.3. Algorithms
As a constraint, input data GEPs compose a tree structure, and all
input proﬁles have the same set of genes G.
Fig. 4. Conceptual view of the merging step in Method 1. In this ﬁgure, we show a conceptual view of the merging step in Method 1. All GEPs have the same gene set, and GEP1 is
observed from S0 to S1, GEP2 from S1 to S2, and GEP3 from S1 to S3. The proﬁle created by merging GEP1 and GEP2, surrounded by a red line, is used as a proﬁle of the target state S2.
The proﬁle created by merging GEP1 and GEP3, surrounded by a blue line, is used as a proﬁle of the comparison state S3.
Fig. 5. Conceptual view of the merging step in Method 2. This ﬁgure shows the merging step in Method 2. The merged proﬁle of the target state S2 and the comparison state S3 are
the same as in Method 1. This step is different from the step in Method 1 in that all the GEPs are merged as a single proﬁle of a series of S0, S1, S2, and S3.
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GEPs={GEP1,…,GEPn}: a set of multiple gene expression proﬁles
composing a tree structure;
TC: threshold of criteria.
Output:
Atar: a target-state-speciﬁc GRN matrix;
Acom: a comparison speciﬁc GRN matrix.
Step 1: Normalizing input gene expression proﬁles
In this step, all gene expressions of each of the observation points
were normalized. In this study, all gene expression valueswere divid-
ed with each initial expression value as a representative value. This
normalization was for merging proﬁles that have very different ex-
pression values. Without this step, estimation of GRNs from merged
proﬁles having large differences of value would not be efﬁcient.
Step 2: Merging normalized proﬁles
In this step, the normalized proﬁles in Step 1 are merged to in-
crease the observation points of the proﬁles of the target state
and the comparison states. The output of this step is normalized
and merged proﬁles, and decrease the number of candidate regu-
latory relations in the inferred GRNs. This step is a little different
in Method 1 than in Method 2, so we will explain this step sepa-
rately for each method.
Step 2 in Method 1
This step follows the assumptions that all transitions of cellular
states have the same gene relations (see Figs. 2 and 4, and the
left-hand side of Fig. 6). All input expression proﬁles compose
tree structure, which includes the target state. Every proﬁle be-
longs to either the path from the root to the target state or from
the root to the comparison states. Some proﬁles belong to both
paths (to target and to comparison), and such proﬁles are merged
several times. This merging process is executed for every proﬁle.
Variable:
MGtar[G,Ttar]: MGtar corresponds to the merged target proﬁle
including the observation points T and genes G;
MGcom[G,Tcom]: MGcom is merged comparison proﬁle including
the observation points T and genes G.
First, we checked which paths the proﬁle belonged, and this
checking was done by a person. Secondly, if the proﬁle was part
of the path to the target state, then the proﬁle was connected
to the end of MGtar. When the proﬁle belonged to the path to
the comparison states, connect the proﬁle to the end of MGcom.
As mentioned above, some proﬁles belonged to both paths, and
such proﬁles were connected to the end of both MGtar and
MGcom. These processes ere repeated for all the input proﬁles.
Step 2 in Method 2
In this step, we follow the assumption that there are common re-
lations in a given series of states (see Figs. 3 and 5 and the
right-hand side of Fig. 6). This step is very similar to Step 2 in
Method 1, in that it produces a merged proﬁle of the target state
MGtar and a merged proﬁle of the comparison statesMGcom. In ad-
dition to these merged proﬁles, this step, also produced a merged
proﬁle of a series that includes the target and the comparison
states. The proﬁle of the series is produced from all input proﬁles
because the input proﬁles compose the tree, including the target
and the comparison states, and this input tree proﬁle is deﬁned
as a series of the target and the comparison.Variable:
MGtar[G,Ttar]; MGtar corresponds to the merged target proﬁle in-
cluding observation points T and genes G;
MGcom[G,Tcom]: MGcom is the merged comparison proﬁle including
observation points T and genes G;
MGall[G,Tall]: MGall represents the merged proﬁle of the series in-
cluding observation points T and genes G.
The process of creating Mtar and MGcom is the same as the process
in Method 1. To make the merged proﬁle of the series, all input pro-
ﬁles are, one after another, connected to the end of MGall.
Step 3: Estimating the GRNs
In this step, we estimated by using conventional criteria the gene
regulatory relations from the several merged proﬁles that were
output by Step 2. We also described the inferred GRN with a
weighted adjacency matrix facilitates removing the relations
held in common. After this process, relations were represented
by three values; positive interaction, 1; negative interaction, −1;
and no relationship, 0. The process of this step is explained
below in pseudo-code.
Step 4: Removing common relations
In this step, relations held in common to the target GRN and the
comparison GRN are removed from both the target and the com-
parison GRNs, and this step outputs a target-state-speciﬁc GRN
and a comparison-state-speciﬁc GRN. The relations that are held
in common are found by comparing the elements of the adjacency
matrix of target and comparison GRNs. When the values corre-
sponding to the gene relations are also in the target and compari-
son matrices, the values are changed to 0 to indicate there is no
relationship. This process is described below in pseudo-code.
Fig. 6. Conceptual view of a ﬂow chart of the steps. In this ﬁgure, the labeled arrows indicate the executable steps.
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3.1. Results
We evaluated the proposed method by comparing it with conven-
tional methods about the accuracy of the inferred cellular-states-
speciﬁc GRNs. We used the receiver operating characteristic (ROC)
curve for comparing the accuracy, and we extract a certain threshold
of criteria for comparison accuracy. In our experiment, we used two
gene expression proﬁles that observe cell differentiation. We inferred
the gene relations that may decide the destination of the cell differen-
tiation or cell type's difference. The input data were the observed
differentiation into adipocyte or osteoblast of mesenchymal stem
cell (MSC) of Mus musculus (the house mouse). They are time seriesFig. 7. Already known core networks. Core network relations that are already known; the lef
to osteoblast.gene expression proﬁles. One data set of MSC changing into adipocyte
has 7 observation points (2, 4, 6, 8, 10, 12, and 14 days), and the other
data set of MSC changing into osteoblast has 15 observation points
(1, 6, 12, 18, 24, 30, 36, and 42 h; and 2, 4, 6, 8, 10, 12 and 14 days).
These data are available from Genome Network Platform (http://
genomenetwork.nig.ac.jp). We extracted 14 genes that were already
known to compose the core network of adipocyte or osteoblast.
Already known core networks of adipocyte and osteoblast are
shown in Fig. 7 We used Pearson's correlation as the criteria of rela-
tions for estimating the GRN, which is called a relevance network
(RN) (Butte and Kohane, 2000; Butte et al., 2003). The correlation
gives a value between +1 and −1, and the relations have strong
regulatory relationships as the value that is almost +1 or −1. Con-
ventional methods infer the GRN with RN from only one proﬁle. Esti-
mation methods were implemented with R 2.13.0. We deﬁned the
already known relations as true positive relations and the others as
true negative relations (see Appendix A for the technical details of
the experiment).
First, we drew the ROC curve and compared the conventional and
proposed methods by changing the criteria threshold. The horizontal
axis corresponds to false positive rate (equal to 1-speciﬁcity), and
the vertical axis is sensitivity. The ROC curve is shown in Fig. 8. In
Fig. 8, the black solid line corresponds to the conventional method,
the blue line is proposed Method 1, and the red line is Method 2.
The left-hand side shows the results of the adipocyte-speciﬁc GRN
estimation, and the right-hand side shows the results for osteoblast.
The conventional method was no more accurate than random esti-
mation, shown as a dashed black line on the ROC curve. On the
other hand, each proposed method was more accurate than both
random and conventional estimations. Proposed Method 2 was
more accurate than the Method 1 in the results of adipocyte and
osteoblast.
Second, for the criteria threshold that correlation was more than
0.8 or less than −0.8, we compared the accuracy. The results are
shown in Fig. 9, and we compared, in this ﬁgure, false negative rate
and positive rate of the conventional method and our method.
The left-hand side corresponds to the adipocyte result and the
right-hand side corresponds to the osteoblast result. The false nega-
tive rates of the three methods are almost the same on both sides.
However, false positive rate of the proposed methods are less than
that of the conventional method, and the false positive rate of the
proposed Method 2 is less than that of Method 1. From this result,
our methods are more accurate than the conventional method.t-hand side of the ﬁgure corresponds to adipocyte, and the right-hand side corresponds
Fig. 8. The ROC curve of adipocyte- and osteoblast-speciﬁc GRN estimations. The dashed black line represents the random network, the solid black line is the result of the conven-
tional method, and the blue and red lines are the results of our methods. The vertical axis represents the sensitivity of the estimated GRN, and the horizontal axis is false positive rate
in the results. The left-hand side of the ﬁgure displays the results for adipocyte, and the right-hand side displays those for under osteoblast.
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The results show that the proposed methods are appropriate in
this condition, MSC differentiation, and Method 2 is more appropriate
than Method 1. This is because, the inference of the GRN from one ex-
pression proﬁle includes relations held in common and relations spe-
ciﬁc to each cell type, adipocyte and osteoblast, thus the conventional
method cannot infer only speciﬁc relations as we expected. Our
methods extract speciﬁc relations by comparing with the other cell
types. Method 2 removes relations held in common to the series of
adipocyte and osteoblast, and these relations don't compose the
core network of these cells. Thus, our proposedmethods are more rig-
orous in that it extracts the cellular-states-speciﬁc core GRN.
As a future work, inferred networks in these experiments are un-
directed networks although gene regulatory relations have direction,
so it might be better that we use other estimation methods with di-
rection, such as GGM. And in merging steps, we merged proﬁlesFig. 9. Comparison of the accuracy using ﬁxed threshold criteria. The left-hand side of
this ﬁgure shows the result of the estimation of the adipocyte-speciﬁc GRN, and the false
negative rate and false positive rate are compared. The gray bar corresponds to conven-
tional method, and the blue and red bars correspond to proposed Methods 1 and 2, re-
spectively. The right-hand side shows the same information, but for the osteoblast.that have different time intervals, so we should consider the differ-
ences of time interval between proﬁles.
4. Conclusions
In this paper, we present a novel estimation method for inferring
the cellular-states-speciﬁc gene regulatory network. In our methods,
we also propose two assumptions to gene–gene relations held in
common. We conﬁrmed that the proposed methods are able to esti-
mate cellular-speciﬁc relations more accurately than the convention-
al method.
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Appendix A. Technical details of the experiment
The data utilized in our experiment is expression microarray data
of mouse ST2 differentiating into adipogenesis/osteoblastogenesis.
The microarray platform is Affymetrix GeneChip Mouse Genome
420 2.0 array. Each time-course data was background-subtracted
and normalized with the robust multi-array analysis (RMA) using
affy package from the Bioconductor version1.8.1.
The tree structure is composed of three nodes; MSC, adipocyte
and osteoblast. We considered an integrated proﬁle as a MSC series
proﬁle.
25R. Araki et al. / Gene 518 (2013) 17–25Output of our experiment is an undirected adjacency square ma-
trix of 14 rows and columns. The rows and columns corresponded
to the 14 genes shown in Fig. 7.
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